This paper analyses the US volatility term structure and identified the common factors. This research also examines different estimates depending on the selected dataset with a specific model used to estimate the term structure of interest rates. Our analysis finds that three principal components approximately explained 96% of the changes in volatility term structure. These components are related to the level, slope and curvature of the term structure of volatilities. Finally, these principal components are quite similar in mean among our datasets. On the other hand, our research finds significant differences in median and variance between some datasets mainly with historical volatility in case of the first and third principal component.
INTRODUCTION
This paper analyses the US volatility term structure (VTS), which is, the relationship between spot yield volatilities and their term to maturity. Thus, the main purpose of this research consisted of identifying the common factors of the US VTS. It is well known that this term structure of volatilities is crucial in the valuation of different securities: swaptions, caps, interest rate derivatives and bonds with embedded options. Previous literature has focused on the term structure of interest rates (Litterman and Scheinkman, 1991; Dai and Singleton, 2000) .
These studies have concluded that a few common factors explain observed variation in historical bond prices. These three common factors in the term structure of interest rates (TSIR) are interpreted as level, slope and curvature factors based on the factor loadings from principal components analysis (Díaz et al., 2010b) . This principal component analysis is a common method to analyse the bond valuation ability of alternative models on the first moment of interest rates (Litterman and Scheinkman, 1991; Piazzesi, 2005; Matzner-Løber and Villa, 2004; Pérignon et al., 2007; Cornillon et al., 2008; Olawale and Garwe, 2010; and Huang and Chen, 2011) . These previous studies only take into account the TSIR, but some of these recent papers include volatility in their analysis, although they do not use principal component analysis on the VTS (Lekkos, 2000; Heidari and Wu, 2003; Pérignon and Villa, 2006; Gallucio and Roncoroni, 2006) . To the best of our knowledge, Novales and Benito (2007) , Novosyolov and Satchkov (2008) and Díaz et al. (2010b) are the only papers to analyse the principal components of variations in VTS. Based on this work, our research focused on the second moment of interest rates and applied this principal component analysis technique 
Estimate
Procedure From Díaz et al. (2011b) Assuming the homoskedastic Svensson model (USV or Unweighted) Market prices (GovPx) of all the outstanding bills and bonds Assuming the heteroskedastic Svensson model (WSV or Weighted) Federal Reserve Board (FRB) Heteroskedastic Svensson model (WSV) Market prices of all the outstanding 2nd or later off-the-run bonds Department of Treasury (DoT) A quasi-cubic hermite spline function (not specified)
Market yields for the on-the-run securities (bills and bonds)
Bloomberg (F082) A piecewise linear function (simplecompounding zero rate)
Generic prices for all the outstanding (even callable) bonds Source: Compiled by authors from Díaz et al. (2011b) .
to the VTS. Some researches such as Díaz et al. (2010a, b; 2011a, b) estimate the term structure of interest rate volatilities in Spain and US. They conclude that there are significant differences between these volatility estimates in the short term and in the long term if they use different models to estimate the TSIR and depending on the heteroskedasticity structure of errors. In this sense, the main objective of this paper was to identify the common factors in the VTS, and also to analyse if there are significant differences between estimates depending on, on one hand, the model used to estimate the TSIR and the selected sample (Svensson (1994) model estimates, Bloomberg 1 and the US Department of the Treasury) and even, on the other hand, alternative volatility specifications (historical or conditional volatilities). The rest of our paper is organised as follows: materials and methods used to estimate the TSIR and VTS; principal component analysis (PCA) of VTS and a detailed analysis of the possible significant differences between our alternative datasets, that is, results and discussion; and conclusion of the study.
MATERIALS AND METHODS
Here, our research describes the way to obtain estimates of interest rate volatilities. Thus, our study follows a two-step procedure. In the first step TSIR is required, and in the second step, their volatilities should be estimated.
TSIR estimates
First of all, TSIR is obtained from the following sources:
1. Time series of interest rates from financial data providers such as Bloomberg.
1 Too more details, see Kushnir (2009 3. Svensson (1994) model estimates: one of the usually accepted methods to estimate zero coupon bond yields from market data (from GovPX bond data).
Our research showed the main characteristics of our TSIR estimates in Table 1 : 3 The database used in this paper consisted of GovPx daily data from period 1994 to 2006.
4 Average coverage is around 50% of all US Treasury market. Our sample included actual transactions when these data are available (before May 01) and mid bid-ask quotes at 5 pm otherwise.
In concrete, our study uses all US Treasury bills, notes and bonds, except those traded "when-issued", callable bonds and TIPS (Treasury Inflation-Protected Securities). Díaz et al. (2011b) also eliminate outliers 5 and recalculate the price of each security in a homogeneous fashion to avoid effects of different market conventions depending on maturities and assets (and our paper also included these changes in our estimates). We base on Díaz et al. (2011b) and they use the Svensson model to estimate the TSIR, applying the unweighted or homoskedatic scheme and the weighted or heteroskedastic scheme for the variance of the error terms. Thus, Table 2 shows the main descriptive statistics of the TSIR estimates:
Volatility estimation
In the second step, our study estimates the VTS using TSIR estimates of the preceding discussion. Our estimation uses daily data from TSIR estimates of 136 different maturities between one week and 30 years. In order to achieve our estimates, this paper proposes two alternative volatility specifications (Díaz et al., 2011b) . (Bollerslev, 1986, and Bollerslev et al., 1992) . The exponential GARCH (p, q) model was proposed by Nelson (1991) . The main equations are the following: Conditional mean equation:
t is an exogenous variable vector and εt is the error term.
Conditional variance equation:
where p is the order of the GARCH terms and q is the order of the ARCH term.
The conditional variance equation contains the mean (ω); news about volatility from the previous periods (the lag of the squared residual from the mean equation: ε 2 t-i, the ARCH term); and the last period's forecast variance (σ 2 t-j, the GARCH term).
Estimates of EGARCH parameters are available upon request from the authors.
Figure 1 depicted volatility estimates on some concrete days of the sample using different datasets. This figure also distinguishes between historical and conditional volatility and shows some differences on the VTS estimates.
Principal component analysis
Finally, our analysis consisted of reducing the dimensionality of the vector of 136 time series of the estimated volatilities between datasets. Thus, this study uses the principal component analysis technique, that is, a method that reduces data dimensionality by performing a covariance analysis between factors.
Furthermore, this paper tests whether the main principal components of the VTS are significantly different between the datasets used in our research, distinguishing between historical and conditional volatilities. Thus, our analysis uses standard statistics to test whether volatility series have significant differences in mean, median and variance. Anova-F test is applied for the analysis of the VTS mean, a Kruskal-Wallis (1952) and Van der Waerden (1952) test for the analysis of the VTS median and, at last, a Levene (1960) and Brown-Forsythe (1974) test for the analysis of the significance of the VTS variance.
RESULTS AND DISCUSSION

Principal component analysis
Here, the principal component analysis technique distinguishing between historical and conditional volatility is presented. We analyse if these principal components can be interpreted as the level, slope and curvature factors of the term structure of volatilities based on the factor loadings from principal components analysis (Díaz et al., 2010b) . Table 3 reports the eigenvalues of the sample second moment matrix in descending order from left to right. This study also shows the proportion of the variance explained by each principal component and by principal components up to that order (the cumulative sum of the variance proportion).
As far as the average values of the percentage of cumulative explained variance for each principal component are concerned, on one hand, when our research analysed historical volatility, the first principal component explained about 80.14% of the variation in the VTS, the second principal component, about 91.88% and, finally, the third principal component, about 95.75%. On the other hand, in the case of conditional volatility our findings could stress the average values of the percentage of cumulative explained variance for each principal component: 83.66% in the case of the first principal component, 93.60% in the case of the second principal component and 96.60% in the case of the third principal component. Thus, the first three factors captured, in mean, about 96.60 % of the variation in the volatility time series. When these results are compared with the Spanish case (Díaz et al., 2010b) , our research could assert that only three factors explained a high percentage of the variation in the US VTS. Nevertheless, the Spanish VTS needs another principal component (PC4) to reach this explanatory level. Moreover, our study pointed out that DoT (Department of Treasury) dataset offered the highest explanatory power in both volatility estimation methods (about 98%), although USV dataset also reached the same 98% when our analysis used conditional volatility estimates. In contrast, F082 (from Bloomberg) dataset presented the lowest explanatory power of the first three factors (with historical and conditional volatility estimates). Nevertheless, in the worst possible scenario, the percentage is quite high, reaching about 92% of changes in the term structure of volatilities. Finally, Díaz et al. (2010b) (homoskedatic and heteroskedastic Svensson model) estimates achieve medium values about the percentage of cumulative explained variance for the first three principal components (96% approximately). Figure 2 illustrates the shape of these principal components. Panel A shows the case of historical volatility and Panel B depicted the case of conditional volatility. Our findings can assert that the first three principal components of the different datasets are quite similar (mainly PC1 and PC2). Nevertheless, PC3 shows slight differences between datasets. The first PC remains almost constant over the whole VTS. This result is quite similar to the Spanish case (Díaz et al., 2011) . Our research can interpret this principal component as general level movement of the volatility, that is, level. With regard to the second PC, our analysis observes coefficients of opposite sign in both the short term and the long term, so our research can interpret PC2 as changes in the shape of the term structure of volatilities, that is, slope. At last, with respect to the third principal component, our study detects changing signs for the coefficients. Particularly, this PC3 has the same sign among datasets at both ends but an opposite sign in the middle of the maturity range. Thus, our paper can interpret this principal component as changes in the curvature of the VTS, that is, curvature. Our research stresses that this PC3 presented some differences between the datasets included in this analysis. Finally, when our study compared our results from panel A and panel B (historical and conditional volatility, respectively), it is found very similar shapes of the first three principal components. Maybe PC3 shows slight differences between datasets in both cases (historical and conditional volatility). In order to analyse that if the volatility estimation method might have an impact on the resulting principal components of the VTS, our paper shows Figure 3 with this comparison (different volatility estimation method, that is, a model-free or historical volatilities was compared with a model-implied or conditional volatilities for the same dataset).
These results could stress that there are no relevant differences in case of PC1 (level) when our analysis compared different volatility estimates with the same dataset. Nevertheless, our study evidences some differences in PC2 (slope), mainly in the short and long end. These divergences are very important in PC3 (curvature) over the whole y-axis (except with DoT dataset).
Differences in mean, median and variance
Here, the model is tested whether the first three principal components (level, slope, and curvature of the VTS) are significantly different between the datasets used in our research, distinguishing between historical (panel A) and conditional (panel B) volatilities. This is because the volatility used as an input to price interest-rate derivatives is crucial to get a fair valuation. Tables 4, 5 and 6 collected results of standard statistics to test whether volatility series has significant differences in mean, median and variance.
In concrete, Table 4 shows the results of the tests of equality of means, medians and variances among different datasets (in pairs). Thus, our study takes into account all possible combinations between datasets (DoT-F082, DoT-FRB, DoT-USV, and so on). The analysis could reject the null hypothesis about equality in median mainly for DoT and F082 (Bloomberg) estimates. These results generally appeared for PC1 and historical volatility. Nevertheless, this research also found inequality in median for some datasets in case of the second principal component and historical volatility. Finally, empirical findings also reject the null hypothesis about equality in variance in case of the first principal component and sometimes in case of the third principal component (in both cases when our study used historical volatility). When we analyse all datasets together, it is found similar results. According to the values shown in Table 5 , our study could not reject the null hypothesis and thus asserted that statistics related to differences in mean evidenced equality for our datasets. In case of differences in median, our research found evidence against the null hypothesis of equal medians principally for PC1. Statistics testing whether the PCs' variance produced by our datasets was the same offered evidence against the null hypothesis for PC1 and PC3. At last, related with Figure 3 , this paper analyses if the volatility estimation method can have an impact on the principal components of the VTS. Thus, this study compared principal components from different volatility estimation methods and the same dataset.
It is found significant differences in case of the first principal component in terms of median and variance for all the datasets (except DoT estimates). Moreover, the findings reject the null hypothesis about equality in median and variance in case of PC2 (and sometimes in case of PC3) for USV and WSV (unweighted and weighted Svensson) datasets.
CONCLUDING REMARKS
This paper analyses the US volatility term structure and identified the common factors. It found that the first three principal components of the US volatility term structure are related to the level, slope and curvature of the term structure of volatilities. The interpretation of these principal components can describe how the volatility term structure shifts its shape in response to a shock to a principal component. Besides, the explanatory power of our three principal components reached 96% approximately. When our findings are compared with the results of Diaz et al.'s (2010b) findings in the Spanish market, our research asserts that only three factors can explain a high percentage of the variation in the US volatility term structure. Nevertheless, the Spanish volatility term structure needs another principal component (the fourth principal component) to reach this explanatory level.
Additionally, these principal components are quite similar in mean among our datasets and the model used to estimate the TSIR. We found significant differences in median and variance between some datasets and models (mainly with historical volatility) for the first and the third principal component. 
